Introduction
Vector quantization (VQ) has been used as an efficient and popular method in lossy image and speech compression (Gray, 1984; Nasrabadi & King, 1988; Gersho & Gray, 1992) . In these areas, VQ is a technique that can produce results very close to the theoretical limits. The most widely used and simplest technique for designing vector quantizers is the LBG algorithm by Y. Linde et al. (1980) . It is an iterative descent algorithm which monotonically decreases the distortion function towards a local minimum. Sometimes, it is also referred to as generalized Lloyd algorithm (GLA), since it is a vector generalization of a clustering algorithm due to Lloyd (1982) . New algorithms for VQ based on associative memories or artificial neuronal networks (ANNs) have arisen as an alternative to traditional methods. Within this approach, many VQ algorithms have been proposed. We mention some of them. The self-organizing map (SOM) ANN, developed by Prof. Teuvo Kohonen in the early 1980s (Kohonen, 1981; Kohonen 1982) , has been used with a great deal of success in creating new schemes for VQ. The SOM is a competitive-learning network. C. Amerijckx et al. (1998) proposed a lossy compression scheme for digital still images using Kohonen's neural network algorithm. They applied the SOM at both quantification and codification stages of the image compressor. At the quantification stage, the SOM algorithm creates a correspondence between the input space of stimuli, and the output space constituted of the codebook elements (codewords, or neurons) derived using the Euclidean distance. After learning the network, these codebook elements approximate the vectors in the input space in the best possible way. At the entropy coder stage, a differential entropy coder uses the topology-preserving property of the SOMs resulted from the learning process and the hypothesis that the consecutive blocks in the image are often similar. In (Amerijckx et al., 2003) , the same authors proposed an image compression scheme for lossless compression using SOMs and the same principles. Eyal Yair et al. (1992) provide a convergence analysis for the Kohonen Learning Algorithm (KLA) with respect to VQ optimality criteria and introduce a stochastic relaxation technique which produces the global minimum but is computationally expensive. By incorporating the In this study, to overcome the said problem an efficient high-speed search algorithm for image quantization based on Extended Associative Memories (EAM) is proposed. This new algorithm significantly reduces the computation needed without sacrificing performance. A preliminary version of this work first appeared in (Guzmán et al., 2008) . The present work is a widespread version of that one. The new results that this work includes are: 1) A mathematical analysis of the influence that each operator of our proposal has in the codebook design and encoding phase performance.
2) The results of the proposed algorithm when additional operators, pmed and sum, are used. 3) A complexity analysis of the proposed algorithm for additional operators. 4) The results that let us evaluate the influence that the proposed VQ algorithm has in the image compression performance. The remaining sections of this work are organized as follows. In next Section, a brief theoretical background of extended associative memories is given. In Section 3 we describe our proposal, the high-speed search algorithm for image quantization based on EAM; furthermore, this sección include a complexity analysis of the proposed algorithm. Numerical simulation results obtained for the conventional image quantization techniques (LBG algorithm) and the proposed algorithm, when it uses prom, med and pmed operators, are provided and discussed in Section 4. Finally, Section 5 contains the conclusions of this study.
Extended associative memories model
An associative memory designed for pattern classification is an element whose fundamental purpose is to establish a relation of an input pattern
with the index i of a class i c (see Fig. 1 ). 
where n ℜ ∈ μ x and 1, 2,..., cN μ = . The associative memory is represented by a matrix generated from the fundamental set of couples and denoted by M .
H. Sossa et al. (2004) proposed an associative memory model for the classification of realvalued patterns. This model, named Extended Associative Memory (EAM), is an extension of the Lernmatrix model proposed by K. Steinbuch (1961) . The EAM is based on the general concept of the associative memory learning function and presents a high performance in pattern classification of real value data by its components and with altered patterns (Vázquez, 2005; Barron, 2006) .
In the EAM, being an associative memory utilized for pattern classification, all the synaptic weights that belong to output i are accommodated at the i-th row of a matrix M . The final value of this row is a function φ of all the patterns belonging to class i. The function φ acts as a generalizing learning mechanism that reflects the flexibility of the memory (Sossa et al., 2004) .
Training stage of the EAM
The training stage of the EAM consists of evaluating function φ for each class. Then, the matrix M can be structured as:
where i φ is the evaluation of φ for all patterns of i-th class, 1,2,..., iN = . The function φ can be evaluated in various manners. The arithmetical average operator (prom) is frequently used in the signals and images treatment. In (Sossa et al., 2004) , the authors studied the performance of this operator and the median operator (med) to evaluate the functionφ . Furthermore, in (Vázquez, 2005 ) the use of the average point operator (pmed) and sum operator (sum) were proposed to evaluate the function φ . 
When the sum operator is used to evaluate the function i φ , the training stage of the EAM is defined as:
where ij γ and ij λ represent the maximum and minimum vectors of the class i respectively.
These vectors are defined as
The operators max ( ∨ ) and min ( ∧ ) perform the morphological operations on the patterns belongs to each class.
The associative memory, M , is obtained after evaluating all functions i φ . In the case when N classes exist and the vectors to classify are n-dimensional, the resultant memory
is denoted as: The Theorem 1 and Corollaries 1-5 from (Sossa et al., 2004) govern the conditions that must be satisfied to obtain a perfect pattern classification; either the pattern may be from the fundamental set of couples or be an altered version of the pattern. Here we reproduce them. Theorem 1. Let ( ) 
Thus the memory assigns the fundamental pattern x to class i as is due. ii. 
Image quantization based on extended associative memories
In this section the image quantization algorithm based on EAM is described. Our proposal uses the EAM in both codebook generation and in the encoding phase. In codebook generation, applying the learning stage of the EAM on a codebook generated by the LBG algorithm a new codebook, named EAM-codebook, is obtained. In encoding phase, we propose a High-Speed Search Algorithm Applied to Image Quantization based on EAM; the VQ process is performed by means of the recalling stage of EAM using as associative memory the EAM-codebook. This process generates a set of the class indices to which each input vector belongs.
Basic notations and preliminary definitions
Vector quantization can be viewed as a mapping Q, from a n-dimensional vector space
where
is the set of reconstruction vectors and N is the number of vectors On the other side of the channel, the received symbols are used to select the codewords from the codebook to reproduce the source signals. This process is called the decoding phase of the vector quantizer. The average number of bits required to represent the symbols in the encoding phase is the rate of the quantizer, and the average quantization error between input source signals and their reproduction codewords is the distortion of the vector quantizer. Increasing the number of codewords in the codebook can decrease the distortion of a vector quantizer and, normally, will increase the rate also. One major concern for vector quantizer design is the trade-off between distortion and rate. On the other hand, both codebook generation and encoding phases of the proposed VQ algorithm make use of individual blocks of the image, which must be converted to vectors. Let the image be represented by a matrix, [ ]
, where hi is the image height and wi is the image width; and a represents the ij-th pixel value: 
where ,...,
From each imageblock, d image vectors can be obtained: 
, where,
Finally, the new image representation is defined as
In both EAM-codebook generation and encoding phases the new image representation is used.
Codebook generation
In this phase, an associative network is generated applying the learning stage of the EAM between a codebook generated by the LBG algorithm and a training set. This associative network is named EAM-codebook and establishes a relation between training set and the LBG codebook. The codebook generation based on the LBG algorithm and the EAM is fundamental in obtaining a fast search algorithm for image VQ. The EAM-codebook is computed in three steps:
Step 1. LBG codebook generation. This step applied the LBG algorithm on the image blocks (training set),
, to generate an initial codebook: Step 2. Definition of the fundamental set of couples. This step uses the codebook generated in the previous step and the training set. This step designs a Q mapping and assigns an index i to each n-dimensional input pattern www.intechopen.com
The Fig. 3 shows the definition of the fundamental set of couples. Fig. 3 . Definition of the fundamental set of couples.
Step 3. Generation of a new codebook based on EAM. The goal of the third step is to generate the EAM-codebook. Finding an optimal solution of the feature vector quantization problem necessitates a training process which involves learning the probability distribution of the input data. For this purpose, the training stage of the EAM is applied on the fundamental set of couples, denoted by the equation (22) . Considering that each class can group 12 , ,..., N bb b input vectors,
, the generalizing learning mechanism of the EAM is defined by the expressions (3), (4), (5) and (6) The result of this step is an associative network that establishes a relation between the q input vectors and the class to which they belong. Since N classes exist and the input vectors that integrate them are n-dimensional, then the associative network is represented by a matrix That is, the synaptic weight, uv m , is a function φ of all elements belonging to class u. These synaptic weights determine the behaviour of the net.
High-speed search algorithm for image quantization based on EAM
In the encoding phase of VQ process each input pattern is replaced by the codeword index that presents the nearest matching based on the similarity criterion between input patterns and codewords. In our proposal, this criterion has been codified in the associative memory (EAM-codebook). The EAM-codebook generation is based on the EAM training stage. Therefore, using the EAM classification stage, the index class to which each input vector belongs is obtained; at the end of this step the image VQ process is completed.
In a general case, when N classes exist, the input vectors, x , are n-dimensional and the prom or pmed operator is used to generate the memory M , the index class to which an input vector belongs is determined using the morphologic operators max and min 11 index class arg
The morphologic operation
is the metrics that indicates the distance between each row of M and the feature vector x, that is to say, the degree of belonging of the feature vector x with each one of the N classes; that is
On the other hand, when the med operator is used to generate the memory M , the region to which a feature vector x belongs is determined using the median and the morphologic 
, ,
Finally, to establish which class belongs to a new input vector, the operator min is applied to the vector in the expression (26). The class is indicated by the index of the row of M that presents the nearest matching with the input vector x .
( )
The VQ process finishes when all the inputs vectors (image blocks) have been replaced by the index class to which it belongs. In most of the data processing, the proposed algorithm makes use of morphological operations that is, sums and comparisons. Therefore, the proposed algorithm offered a high processing speed. The Fig. 4 shows the structure of the associative memory that implements the high-speed search algorithm. 
Complexity of the high-speed search algorithm
In this subsection, we analyze both the time and space complexity of the proposed algorithm. The algorithm complexity is measured by two parameters: the time complexity, or how many steps need the algorithm to solve the problem, and the space complexity, or how much memory it requires. To compute these parameters, we will use the pseudocodes of the prom, med and pmed operators that our algorithm uses to quantify a input vector (see Algorithm 1).
Time complexity
In order to measure the algorithm time complexity, we first obtain the run time based on the number of elementary operations (EO) that our proposal realizes to classify a input vector. For prom and pmed operators, we consider pseudocode from Algorithm 1(a), thus in the worst case, the conditions of lines 9 and 16 will always be true. Therefore, the lines 10, 17 and 18 will be executed in all iterations, and then the internal loops realize the following number of EO:
( ) 
where N is a codebook size and n is a pattern dimension. Now, for med operator, we consider the worst case of the pseudocode from Algorithm 1(b), thus, the conditions of lines 15 and 23 will always be true and the "while loop" will be executed z times in each iteration. From Algorithm 1(b), we can distinguish 3 phases: "arranges the vector input elements", "compute the median" and "compute an element of
The "arranges the vector input elements" phase realizes the following number of EO:
Also, we analyze the number and type of arithmetical operations used by our algorithm during the VQ process of an image. Then, for prom and pmed operators, we consider the pseudocode from Algorithm 1(a); furthermore, we know that this process is applied to image of wi hi × size. Thus, the number of operations that our algorithm, with prom or pmed operators, needs to quantify the image depends on the image size, the codebook size N and the pattern dimension n ( ) ( )
where op1=1 comparison and op2=1 sum and 1 comparison; ( ) n wi hi × is the number of patterns to quantify. ) 2 (op Nn is the number and type of arithmetical operations used to perform a morphological dilation over the absolute difference of the EAM-codebook elements and the input pattern components; ) 1 (op N is the number and type of arithmetical operations used to perform a morphological erosion over the result of the previous process. Now, for med operator, we consider pseudocode from Algorithm 1(b). Thus, the number of operations that our algorithm, with med operator, needs to quantify the image depends on the image size, the codebook size N, the pattern dimension n and the computation of the median
where op1 = 2 sums and 2 comparisons, op2 = 2 sums, 1 comparison and 3 shift, op2 = 1 sum and 1 comparison. 
Space complexity
The algorithm space complexity is determined by the amount of memory required for its execution. To quantify an image of hi × wi size, which contains 
When the med operator is used, our algoritm only requires two vector indexes [] M and med_codebook [] N . Thus, the number of mu required is:
For grayscale image ( 8 bits/pixel), the variables arg, prom_codebook and med_codebook are declared type byte, whereas the variable indexes depends on the codebook size, thus, if 256 ≤ N then indexes is type byte and if
256
> N then indexes is type short (16 bit integer signed numbers). Then the total number of bytes required by the implementation of the algorithm with prom or pmed operatos is:
and, the total number of bytes required by the implementation of the algorithm with med operato is: 
The number of memory units depends on the image size, codebook size and the codeword size chosen for the VQ process.
Experimental results
This section presents the experimental results obtained when our proposal is applied to an image quantization process. First, we show the proposed algorithm performance when it is using the prom, med and pmed operators. Then, we compare the proposed algorithm performance with the traditional LBG algorithm. The evaluated parameters are, the distortion generated on the reconstructed image and the influence that the VQ process has in the image compression when diverse codification methods are used. Finally, we analyze the number and type of operations and the amount of memory used by the proposed algorithm and the traditional LBG algorithm. For this purpose, a set of standard test images of size 512 512× pixels and 256 gray levels (Fig. 5) was used in simulations. In order to measure the performance of both our proposal and LBG algorithm, we used a popular objective performance criterion named peak signal-to-noise ratio (PSNR), which is defined as www.intechopen.com The first experiment has the purpose to determine the performance that the algorithm proposed has with each of the operators (prom, med and pmed) when it is applied on the test images. The table 1 includes the distortion that each operator adds to the images during the quantization process when different sizes of codebook are used; the results show that the prom operator generates the minor distortion when the algorithm is applied on the test images. In this experiment a codebook was generated for each test image to determine which image presents the best performance when it is used as training set; the best results were obtained when the image Lena was used to generate the EAM-codebook. To minimize the distortion generated in the quantification process of images that were not used to obtain the EAM-codebook, it is possible to use an evolutionary method that allows adding information of new images to the book. This aspect is the subject of future work based on paper where the authors proposed the design of an evolutionary codebook using morphological associative memories (Guzmán et al., 2007) . The second experiment has the objective to compare the distortions that both the proposed algorithm (with prom operator) and LBG algorithm (the most widely quantization method used) add to the original image. For this purpose, the codebook was generated using the image Lena as the training set and the results were obtained using different sizes of the codebook. Then, VQ was applied to the set of the test images in order to determine the behavior of the algorithms with the patterns that do not belong to the training set. Table 2 shows the results of this experiment. From Table 2 , we can make the following observations: 1) the results obtained show that the proposed method is competitive with the LBG algorithm in the PSNR parameter; 2) the proposed algorithm replaced an input pattern by the index of the codeword that presents the nearest matching, not necessarily one of those already used to built the M memory. This property allows our algorithm to quantify efficiently the images that have not been used in the generation of the EAM-codebook. In the third experiment, the performance of diverse standard coding methods applied to the quantified image with the proposed algorithm was evaluated. These methods included statistical modeling techniques, such as arithmetical, Huffman, range, Burrows Wheeler transformation, PPM, and dictionary techniques, LZ77 and LZP. The purpose of the third experiment is to analyze the proposed algorithm performance in image compression. For this purpose, a coder that includes our algorithm and diverse entropy coding techniques was developed. Table 3 . Compression results obtained from applying several entropy encoding technique on the information generated from the proposed algorithm (continuation).
These results show that when these coding methods are applied on the results obtained by our algorithm, the entropy coding technique that offers the best results in compression ratio is the PPM coding. The PPM is an adaptive statistical method; its operation is based on partial equalization of chains, that is, the PPM coding predicts the value of an element based on the sequence of previous elements. Furthermore, these results show that the proposed algorithm remains competitive with the algorithm LBG in the compression parameter. Finally, based on results obtained in section 3.4 and the study for LBG algorithm presented in (Guzmán et al., 2008) , a complexity analysis of both algorithms was realized. Table 4 summarizes computation complexities of the encoding phase of both LBG and proposed algorithm in terms of the type and average number of operations per pixels. This experiment was performed for n = 16 and 64, which are the most popular pattern dimensions. With regard to time complexity, this Table shows that the proposed algorithm provides considerable improvement over the LBG algorithm. Table 4 also shows that the memory required by our algorithm is smaller than the memory needed by the LBG when a VQ process is performed.
Conclusions
In the present work, we have proposed the use of extended associative memories in a highspeed search algorithm applied to image quantization. With the purpose of evaluating the influence that the proposed VQ algorithm has in the image compression, it was integrated in a codec where the codification stage includes to several standard codification methods. The compression ratio and the signal to noise ratio obtained by our proposal show that the rate of compression and the decoding quality remain competitive with respect to the LBG algorithm. Furthermore, the EAM has the property of substituting the input pattern by the class index that present the nearest match, without taking care that they have not been used in the construction of the associative memory. Our Algorithm inherited this property. This property allows our algorithm to quantify efficiently images that have not been used in the generation of the EAM-codebook, this is the reason it obtains good results in the decoding quality parameter. Finally, in most of the data processing, the proposed algorithm makes use of the morphological operations, that is to say, its operation is based on maximums or minimums of sums, it uses only the operations of sums and comparisons. Therefore, the proposed algorithm offers a high processing speed in the search process of the encoding phase. Thus, with respect to traditional VQ algorithms, the main advantages offered by the proposed algorithm are, a high processing speed and low demand of resources (system memory). For these reasons, we can conclude that our proposal provides a considerable improvement over the LBG algorithm.
